This paper describes a novel SAR wind direction estimation method based on the computation of local gradients over quasi-linear and quasi-periodic structures detected by SAR imagery. The method relies upon the standard LG method for the part relevant to the computation of the local gradients. The novelty is that the dominant local wind direction and related accuracy are estimated using results derived from the Directional Statistics. The LG-Mod is validated against in situ coastal wind measurements provided by instrumented buoys with 63 ENVISAT ASAR images. Results show an overall agreement with RMSE values obtained for off-shore areas, but residual effects due to the complex phenomena occurring in the proximity of shoreline may degrade the performance when running in automated mode.
Introduction
Sea surface wind is a crucial parameter for studies of the several oceanographic applications such as marine meteorology [1, 2] , marine oil spill monitoring [3, 4] , and wind energy resources [5, 6] among others.
While mesoscale numerical weather models (NWMs) provide reliable wind fields for off-shore areas, in general their accuracy is drastically reduced in the proximity of the shoreline. This is due to the complex land/sea interactions which take place in coastal areas, whose phenomenology is generally poorly described within NWM schemes. In order to overcome such difficulty, accurate observations on regular spatial scale of sea surface winds should feed NWM in order to provide them with useful initial conditions and verification data for reliable coastal wind predictions.
Spaceborne microwave remote sensing of the sea surface has been proved to be effective in monitoring off-shore sea surface phenomena and has reached technological maturity to provide quantitative coastal areas observations. Surface winds from scatterometer observations are available and can improve NWM forecasts only off-shore.
While spaceborne scatterometry can provide wind vector measurements on global scale, the coarse spatial resolution (10-25 km) hampers application in coastal regions as a result of the obvious land contaminations.
Besides, synthetic aperture radar (SAR) sensors have demonstrated over the past decade their ability to provide accurate wind speed and direction measurements in the ocean. In contrast to scatterometer, the high spatial resolution of SAR imaging (1-10 m) has the potential to capture the typical complex wind fields which characterize coastal regions. Nevertheless, SAR wind field retrieval in marine coastal areas still remains an open issue.
It has been shown in [7] that SAR wind field retrievals which exploit guess wind information coming from NWMs 2 Journal of Sensors [8] show strong dependence on the goodness of the input wind vector used as guess. The information coming from SAR is in general unable to fully correct the input NWM wind direction. For this reason, it would be highly desirable to develop methods which provide wind direction independent of external information.
SAR imaging can detect atmospheric and oceanic phenomena which are able to modulate sea surface and hence the backscattered signal, such as boundary layer rolls (BLRs) and wind streaks (WSs).
BLRs are atmospheric roll vortices generated by thermal instabilities which develop within the marine atmospheric boundary layer [9] [10] [11] . They can persist over hours or days and are typically associated with unstable or neutral boundary layer conditions [12, 13] . The fluctuations of wind stress at the convergence and divergence zones between rolls [14, 15] make BLRs appear on SAR images as quasi-periodic linear modulation of backscattering with typical spatial scale ranging from 1 to 4 km. As the orientation of BLR axes is in general between the direction of the mean sea surface wind and that of the associated geostrophic wind [14] , such directional signature is being widely used to estimate sea surface wind direction from SAR imaging.
WSs are characterized by a narrower spatial modulation (0.1-0.5 km), as showed for the first time in X-band nautical radar images [16] . These features are more closely aligned with the sea surface wind direction and evolve with a lifetime of several tens of minutes. For this reason, wind streaks have been exploited for wind direction retrieval from SAR images [17, 18] .
Although BLRs and WSs can provide wind directions, it is an open issue what are the favourable conditions for their visibility on SAR images and, above all, if their rate of occurrence is enough for operational use. Indeed, as stated in [14] , the visibility of BLRs on SAR images depends on several factors, such as the SAR operated frequency and polarization, incidence angle, wind speed regime, and wind direction with respect to SAR look geometry. Moreover, in [19] analysis on a large dataset of SAR images assessed that BLR visibility is subjected to an annual seasonality and that cold air flow conditions foster the formation of atmospheric rolls. However, cooccurrence of such factors does not guarantee the presence of related SAR signatures. In contrast, statistics of occurrence of WSs wait to be compiled and factors influencing their occurrence have to be investigated.
Research on SAR wind fields retrieval has focused on the development of methods which aim at extracting the main orientations of wind-induced features from SAR images. Commonly these algorithms identify the main wind directions with 180 ∘ ambiguity, which can be resolved by identifying areas of wind shadowing within the SAR image or by using ancillary wind direction information from NWM predictions or in situ data.
A number of SAR-based wind retrieval algorithms have exploited Fourier analysis [20] [21] [22] [23] to provide wind direction from BLRs features with spatial resolution up to 10 km and accuracy ranging approximately from 10 ∘ to 40 ∘ [23, 24] . Working in the spatial domain, two families of algorithms have been developed, both providing high resolution winds from BLR and WS signatures: one is based on the use of Wavelet Transforms [19, [25] [26] [27] [28] and the second on the computation of local gradients [17] . The former methods rely on the ability of wavelets to detect linear structures on SAR images by performing a multiscale analysis. The LG method has been used for a number of applications such as operational SAR wind retrieval [29] , wind resource assessment [6] , and extreme events monitoring [30, 31] , being part of observing and forecasting systems [32] as well. Therefore, LG method has been validated against in situ observations and NWM outputs to obtain wind direction retrievals with an accuracy of [20] [21] [22] [23] [24] [25] [26] [27] [28] [29] [30] ∘ [18] , thereby showing a good performance on wind speed retrieval in offshore areas.
In this paper a modified version of LG, called LGMod [33] , is proposed. In contrast to the standard LG method, LG-Mod approach is able to extract the dominant local wind direction directly from the set of the available local directions, thus avoiding time-consuming operations on histogram analysis (i.e., histogram binning, weighting, and smoothing), which are commonly required to perform such analysis. In addition, the presented method provides the accuracy related to each wind direction estimate by exploiting basic results from Directional Statistics [34] [35] [36] .
The paper is structured as follows: the LG-Mod scheme is described in Section 2 and an example of processing is provided by comparing results from a TerraSAR-X image and wind data obtained by the Eta atmospheric model; then, the LG-Mod method is extensively validated against in situ wind data collected by instrumented buoys over coastal areas by using 63 Envisat SAR images. Finally, the main conclusions are drawn in Section 4.
LG-Mod Method
The LG-Mod method consists in the following basic steps.
(i) Image Smoothing and Subsampling. According to the
LG algorithm [17] , SAR image smoothing includes those operations aimed both at mitigating the SAR speckle noise of the input calibrated image and at enhancing the detection of wind-induced patterns (i.e., wind rows) on the SAR image. Such smoothing operations should be edge-preserving in order to preserve the directional information of the SAR detected wind structures. The latter is further accomplished by reducing the pixel size to values which are suitable to the best detection of the quasi-periodic, quasi-linear windinduced features. Typical values range from 100 m to 400 m for the detection of wind rows, thus allowing a multiscale spatial analysis of the SAR signatures.
(ii) Local Gradients (LGs) Computation. An optimized derivative Sobel operator is applied on the SAR amplitudes to estimate the directional features through local gradients determination. This step is performed on pixel basis after removing from the SAR resized image all pixels which are deemed unusable, such as land pixels or those affected by unwanted border effects as a result of the processing performed at the previous step [17] .
(iii) Main Directions Extraction. It represents the novel approach of the LG-Mod with respect to the standard LG method. The resized image of local directions is divided into specific size subimages (hereafter also referred to as ROIs), according to the spatial grid on which the wind direction is requested by the user. For each ROI, the dominant direction inside the ROI is directly retrieved by the whole set of the previously estimated directions. Then, the LG-Mod method provides a measure of accuracy for each estimate by developing basic results from Directional Statistics [34, 35] . In particular, as local direction and the opposite direction ± (radians) are equivalent in a circle, the local angles used for estimations should be intrinsically considered as axial data instead of circular data. The standard way of handling axial data is to convert them to circular data by "doubling the angles," that is, transforming to 2 and so ignoring the ambiguity in direction. Thus, given the set of the observed and usable LG directions { ROI } =1 , the mean angle ⟨ ROI ⟩ and the related accuracy ROI are, respectively, provided by the following halved phase
and by the amplitude of the so-called Mean Resultant Vector, as expressed by
The mean resultant length ROI is a nondimensional parameter which represents a measure of the alignment of the directions inside the ROI.
(iv) Reliable ROIs Selection and Estimations. Finally, specifications about the LG-Mod outcomes are fixed directly by the user by adopting a selection criterion to select reliable estimates. Regardless of the statistical distribution of the available directional (axial) data, to each direction estimate, ⟨ ROI ⟩, an (1 − ) interval of confidence, ME ROI , can be assigned according to the following expression [35, 36] :
where is the upper (1/2) quantile of the standard normal distribution and Therefore, the LG-Mod method is able to discharge noisy ROIs (and related estimates) by setting a suitable threshold value of acceptance ME TH for the estimate ⟨ ROI ⟩: [37] , which was also used to remove the 180 ∘ ambiguity on the wind direction. Eta outputs were provided within a grid of 4 km × 4 km at 06:00 UTC, that is, with a temporal shift of 15 min with respect to the satellite acquisition time.
In Figure 1 (a) the LG-Mod estimates of wind directions (red arrows) are shown over the Eta grids; the Eta model predictions are superimposed (yellow arrows). From a visual inspection, it can be clearly seen that both wind direction fields are in good agreement with each other, with the exception of the areas where (1) wind rows are not visible (e.g., the left and the bottom part of the image; the wind shadowed zones near the coastline) and (2) in the middle upper part of the image which is featured by the propagation of an atmospheric gravity wave. After thresholding selection ( = 0.05; ME TH = 5 ∘ ), the wind field shown in Figure 1 (b) was obtained.
The SAR retrieved wind directions were assessed by evaluating their root mean square error (RMSE) and mean bias error (MBE), using Eta model as truth reference. Results of this comparison are reported in Table 1 for different threshold values ME TH with confidence level of 95% assigned to the confidence interval of each estimate. The case of no thresholding is also shown in the Table 1 for comparison. As expected, the tighter the requirements on the assumed accuracy of directional estimates, the lower the estimation error. Accordingly, the number of valid wind estimates progressively reduces. It is worth noting that the accuracy performance of the LG-Mod not only is related to the actual wind conditions but also could depend on SAR system factors, such as the radiometric resolution, which may affect the overall visibility of wind features on the image. This means that a maximum attainable accuracy level has to be expected for a selected SAR sensor. This is the case for ENVISAT SAR imagery for which the highest attainable accuracy was about 15 ∘ , as described in the next section. 
Results
In order to evaluate how the LG-Mod performances in coastal regions, a validation analysis was carried out on a dataset of ENVISAT ASAR images acquired at C-band during the period from 2009 to 2012 in correspondence of two marine coastal areas off-shore Wales (UK). The data have been downloaded from the European Space Agency rolling archives. The two stations were instrumented with buoys belonging to the National Data Buoy Center (NDBC) to hourly collect physical parameters of the marine and atmospheric environment (i.e., wind speed and direction, water and air temperature, air pressure, etc.). In Table 2 relevant information about the buoys deployment and anemometers positioning is reported. The LG-Mod estimation of the wind directions was carried out on a dataset composed of 63 descending and ascending pass ENVISAT ASAR images, 23 and 40 images in correspondence of 62301 and 62303 buoys, respectively. SAR images were Wide Swath Mode products, with pixel size of 75 m × 75 m. All the SAR products were in the Precision Image (PRI) format and VV polarization. All the available images were radiometrically calibrated with NEST (Next ESA SAR Toolbox) package provided by the ESA (European Space Agency) and preprocessed to get a pixel size of about 150 m × 150 m.
The SAR wind was estimated over squared patch of the SAR image with sizes of 3.6 km, centered on the pixel corresponding to buoy location.
Wind speeds measured by anemometers were collected every hour at the height of 3 m above the sea level (a.s.l.) for both sites. Thus, in order to compare these measurements with the corresponding SAR wind vectors, the instrumental wind speeds were referred to at the height of 10 m a.s.l. [38] .
In order to correctly compare each anemometer measurement with the corresponding SAR-based estimation, buoy wind data were linearly interpolated to the SAR acquisition times.
After applying the procedure described in the previous sections, 180
∘ ambiguous wind directions are retrieved for each patch. To resolve the ambiguity in the wind direction, the buoy wind data, interpolated to the time of SAR, were used. For each patch, the retrieved ambiguous direction is compared against the buoys direction, and the one with smaller angular difference is selected. After 180 ∘ ambiguity removal, the retrieved wind directions, along with the average SAR Normalized Radar Cross Section (NRCS) value and the mean incidence angle, were computed to estimate the corresponding wind speed using the Geophysical Model Function (GMF) CMOD5.N [39] . The analysis has been conducted considering the whole dataset (A) of the available SAR images, a first subset (B) composed by those images selected after a visual inspection and detection of wind rows around the buoys location and a second subset (C) collecting those "reliable" images automatically selected by the application of the final thresholding step (according to (4) , with = 0.05; ME TH = 15 ∘ ). In Table 3 , statistical results, that is, root mean square error (RMSE) and mean bias error (MBE), derived from the crosscomparison between LG-Mod outcomes and in situ data, are reported, for each defined set of images. Obviously, RMSE and MBE definitions with reference to wind directions take into account that directions must be considered as axial data. From Table 3 it results in high wind direction RMSE if the whole data set is considered. Wind direction RMSE reduces to about 20 ∘ when considering SAR images with distinct linear signatures (subset B). These SAR images are characterized by high speed wind regime (>10 m/s, see Table 4 ) which causes strong local gradients. In the case of automatic selection (described in Section 2), the value of RMSE of about 26 ∘ is consistent with the previous selection (subset C). Finally, the good performance of LG-Mod in recognizing wind features when compared to the human expert capability should be pointed out. Indeed, the number of SAR images composing subset C is consistent with relaxing on the user accuracy requirement (i.e., ME TH = 15 ∘ ).
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Conclusions
A novel SAR wind direction retrieval scheme, called LGMod, is described. It is based on the directional information carried by the local gradients (LGs) directly computed on quasi-linear, quasi-periodic wind induced structures detected on SAR images. These structures can be related either to atmospheric boundary layer phenomena or streaks generated by the action of the wind on the sea surface. The performance of the method was evaluated using 63 SAR images of coastal sites. The detected linear features were compared against in situ measurements of the wind direction provided by instrumented buoys. Considering the limited number of SAR images used in this study, the results presented should be considered as preliminary. Bearing the latter in mind, the following conclusions can be drawn:
(1) The RMSE value of wind direction estimated on SAR images selected after visual detection of wind rows was comparable with literature reports on off-shore case studies. This result is much better than the best performances obtained using inversion scheme based on wind direction provided by NWM [7] .
(2) Adoption of a threshold value on ME TH led to selection of SAR images with meaningful wind induced features (subset C). This result is encouraging as a criterion for automated SAR image selection can be envisaged. It is worth to analyze the composition of SAR images belonging to subset C: 50% of them include wind rows which escaped from visual inspection; 10% are in common with subset B; and the remaining 40% of SAR images include strong linear features not related to the wind field. The latter result is not unexpected as a consequence of the complex phenomena occurring in coastal areas.
(3) It should be expected that a significant number of SAR images belonging to subset B were in common with subset C. Instead, only one SAR image belonging to subset B entered in subset C. It frequently happened that the alignment of detected streaks on SAR images showed an angular dispersion much more prominent than that observed in open sea. This could be explained as the effect of small scale coastal circulation. Although most wind cells were dominated by high directional noise, it was still possible to recognize a dominant direction characterized by strong gradient.
